Abstract-This paper proposes an optimization model for the sizing of energy storage for community microgrids considering the building thermal dynamics and customer comfort preference. The proposed model minimizes the annualized cost of the community microgrid, including energy storage investment, purchased energy cost, demand charge, energy storage degradation cost, voluntary load shedding cost, and the cost associated with customer discomfort due to room temperature deviation. The decision variables are the power and energy capacity of invested energy storage. In particular, heating, ventilation and air-conditioning (HVAC) systems are assumed to be scheduled intelligently by the microgrid central controller while maintaining the indoor temperature in the comfort range set by customers. For this purpose, the detailed thermal dynamic characteristics of buildings has been integrated into the optimization model. Numerical simulations show significant cost reduction with the proposed model. The impacts of various costs on the optimal solution are investigated through sensitivity analysis.
NOMENCLATURE
The main symbols used in this paper are defined below. Others will be defined as required in the text. A bold symbol stands for its corresponding vector. This manuscript has been authored by UT-Battelle, LLC under Contract No. DE-AC05-00OR22725 with the U.S. Department of Energy. The United States Government retains and the publisher, by accepting the article for publication, acknowledges that the United States Government retains a non-exclusive, paidup, irrevocable, world-wide license to publish or reproduce the published form of this manuscript, or allow others to do so, for United States Government purposes. The Department of Energy will provide public access to these results of federally sponsored research in accordance with the DOE Public Access Plan(http://energy.gov/downloads/doe-public-access-plan).
A. Indices and Numbers
This A microgrid can be defined as a low voltage distribution network comprising of various distributed generation (DG), energy storage systems, and responsive loads that can be operated in both grid-connected and islanded modes [1] . It can improve local reliability, reduce emissions, and contribute to lower cost of energy supply by taking advantage of DG, storage devices and responsive loads. Due to these and other benefits, microgrids have attracted growing attention from both academia and industry [2] .
Optimal design of a microgrid is a crucial component in achieving an economically viable microgrid solution. Particularly, sizing the DG and/or energy storage systems for a microgrid will balance the cost versus potential any economical achievable factors. There has been extensive research on the investment planning of microgrids in literature [3] . For example, the HOMER software has been used to determine the optimal combinations of renewable and conventional energy resources in [4] . In [5] , a multi-objective genetic algorithm was developed to solve the optimal design problem of a microgrid. In [6] , microgrid planning was proposed as an alternative to the co-optimization of generation and transmission expansion planning. The uncertainties of renewable generation were considered in [7] and [8] . In particular, the optimal sizing of energy storage for microgrids has attracted special attention from researchers due to the extensive services that energy storage can provide, including peak shaving or demand charge reduction, renewable resource integration, voltage and frequency control support, and power quality improvement. Optimal sizing of an energy storage system includes considering both the power and energy ratings. Models for optimal sizing of energy storage in microgrids based on economic analysis have been proposed in [9] and [10] . Reliability-constrained optimal sizing of energy storage in a microgrid was proposed in [11] . A model for sizing of renewable energy and battery systems in residential microgrids considering demand response was proposed in [12] .
In the existing literature, the heating, ventilation, and air conditioning (HVAC) systems are mostly considered as responsive loads or non-controllable loads. Utilizing thermal dynamic characteristics of buildings as an energy storage medium and the customer comfort preference as part of a formulation in the optimization for microgrids is seldom performed. In specific, given indoor temperature settings (desirable temperature and allowable temperature deviation) from customers, the HVAC systems can precool (or preheat) buildings during low price periods and be deactivated or minimized during high/peak price hours while still maintaining the indoor temperature within allowed ranges. By integrating the thermal dynamic model of buildings into the microgrid scheduling process, significant savings can be achieved. This is particularly significant for community microgrids where building HVAC systems contribute for a significant fraction of the overall power consumption.
A new model for the optimal sizing of energy storage for community microgrids is proposed in this paper. The proposed optimization framework minimizes the annualized investment and operation cost of the microgrid. The main contributions of this paper are as follows:
• proposed an optimization model for optimal sizing of energy storage for community microgrids considering the building thermal dynamics and HVAC systems controller; • validated the benefit of considering the building thermal dynamics in energy storage sizing; and • performed sensitivity analysis to demonstrate the effectiveness of the proposed optimization. The rest of this paper is organized as follows. In Section II, the model of community microgrid and thermal dynamic model of buildings are presented. Based on that, the model for optimal sizing of energy storage for community microgrids is proposed in Section III. In Section IV, case study and sensitivity analysis on a community microgrid are presented. Finally, conclusions are given in Section V.
II. SYSTEM MODELING

A. Community Microgrid Model
In this paper, we consider a community microgrid that consists of various DGs, energy storage and a number of residential buildings. For each residential building, the loads are divided into HVAC load and non-HVAC load. In addition, rooftop PV panels, small batteries and EVs may also be present. In this work, a building energy management system (BEMS) is assumed to be equipped for each residential building to communicate with the microgrid controller. Generally, the objective of the microgrid controller is to minimize the total cost of operating the community microgrid while preserving customers' comfort. In particular, the microgrid controller collects customer indoor temperature settings (desirable temperature and allowable temperature deviation) and other required information from each BEMS. Based on the customer requirements, electricity demand, forecasted renewable generation and price information at the PCC, the microgrid controller determines the optimal power output of controllable DGs, charging/discharging power of energy storage, the purchasing/selling of power at the PCC, and the power consumption and temperature targets of HVAC systems as well as other controllable loads. An example of the Fig. 1 .
B. HVAC System Model
HVAC systems are typically controlled via thermostats to maintain the house indoor temperature within a set temperature range. Depending on customers' preference, the desirable indoor temperature and allowable temperature range will be preset. In this paper, the HVAC systems are assumed to be single stage HVAC systems with heating and cooling modes. As a result, a temperature controlled relay circuit is considered to be used to switch the HVAC on and off according to the temperature detected by the temperature sensor. In cooling mode, the HVAC system is switched on when the indoor temperature reaches the ceiling of the allowed temperature range. The HVAC system will be switched off when the indoor temperature falls below the floor of the allowed temperature range. The HVAC system works similarly in heating mode.
Different from the autonomous temperature control above, desirable temperature and allowable temperature ranges set by customers are assumed to be forwarded to the community microgrid controller by the BEMS. The microgrid controller accepts surrogate control of the HVAC systems and provides dispatch commands. Since the building model has an electrical equivalent of a thermal capacitance, the indoor temperature changes occur in sub hours and a residential building can be considered as a thermal storage facility. Specially, a microgrid controller can dispatch a HVAC system to target low price or high renewable generation intervals to precool (or preheat) the house and to deactivate in high cost periods while still maintaining the indoor temperature in allowable range. Since the dynamics of HVAC systems are in minutes while the dynamics of building temperature are in sub hours, the HVAC systems dynamics can be neglected.
C. Building Thermal Dynamic Model
Considering the impact of ambient temperature, solar irradiance and HVAC systems, a third order state-space model is employed to describe the thermal dynamic characteristics of a house [13] as:
where
is the input vector The coefficients of matrices A h and B h of a house h can be calculated based on the effective window area, the fraction of solar irradiation entering the inner walls and floor, the thermal capacitance and resistance parameters of the house, and the sampling time, which is the time solution of the optimization horizon. More details on this building thermal dynamic model can be found in [13] . The constraints on house indoor temperature are:
III. PROBLEM FORMULATION
A. Objective
The community microgrid considered in this paper consists of roof-top PV panels with residential inverters and residential loads. The PV systems are non-dispatchable generation and are assumed to follow standard maximum power point tracking. Loads are divided to HVAC loads and non-HVAC loads. Each HVAC load is associated with a house or building. The desirable indoor temperature and allowable temperature range are set by customers, and are forwarded to the community microgrid controller by the BEMS. The microgrid controller takes surrogate control of these HVAC systems. The community microgrid is also connected to the external utility system via the PCC characterized by a forecasted energy price and monthly demand charge. For stakeholders of community microgrids, investing in energy storage to facilitate PV integrating into existing infrastructure, reduce the electricity bill and improve the reliability of electricity supply is typically of interest. Under these circumstances, the optimal power and energy capacity of invested energy storage needs to be determined. The objective is to minimize the annualized virtual cost of the community microgrid as in (3) . Specifically, the first line is the annualized investment cost of energy storage. The second line is the energy purchasing/selling cost/benefit from distribution grid and the cost of load shedding. The third line is the cost of energy storage degradation and the fourth line is the discomfort cost of customers due to the deviations between actual temperature and customer desired temperature. The fifth line is the demand charge. In particular, A ES is the annuity factor, where
. S E and S D are scaling factors that scale the corresponding costs to a year.
B. Constraints
The objective function must be minimized subject to several constraints.
Constraints (4) and (5) are the minimum and maximum of the power and energy capacity of invested energy storage, respectively. Constraints (6) and (7) are the maximum charging and discharging power of the invested energy storage. These two states are mutually exclusive. The energy storage state of charge (SOC) is defined by (8) and the limit of SOC is enforced by (9) . The amount of load curtailment at time t is limited by constraint (10). The energy balance is enforced by (11) . The total of the electricity produced by PV, energy storage and power purchased at PCC must be equal to the summation of HVAC load and non-HVAC load minus the load curtailed in the microgrid. In particular, the HVAC systems are assumed to be scheduled intelligently by the microgrid central controller while maintaining the indoor temperature in the comfort range set by customers. The cooling and heating modes of HVAC are mutually exclusive, which is ensured by (12) . The peak power at PCC in month m is P Pk m , which is represented by (13) . Most importantly, the thermal dynamic equation of houses (1) and house indoor temperature limits (2) should also be included as constraints.
C. Reformulation
For the objective function, the expression of customer discomfort cost (line 4) can be reformulated into linear format as in (14) - (16) by introducing an auxiliary variable X ht , which represents the absolute value of temperature deviation.
The proposed optimization problem is mixed-integer linear programming (MILP), which can be solved efficiently by commercial solvers.
IV. CASE STUDIES
We consider a community microgrid whose portfolio consists of 100 kW PV panel and 20 residential buildings with associated HVAC and non-HVAC loads. The solar irradiance and temperature data is from [14] . The measured 1-minute data of Oak Ridge, Tennessee area on January 1st, August, 1st, and April 15th 2016 is used for the simulation. These three days represent a typical winter, summer and spring day in the southern states of the US. Technically, the proposed optimization can consider more representative days without any problem. However, the solution time will be increased significantly with more representative days considered. To reduce the number of representative days while preserve the real situation, scenario reduction techniques might be needed [15] . The cost of load shedding is set as $2.0/kWh and the amount of curtailed load should be less than 10% of the total non-HVAC load. The peak of non-HVAC load is about 180 kW. Twenty residential buildings are considered, each has a 5 kW HVAC system, which has a coefficient of performance (COP) η h = 4. The desired indoor temperature is set at 21°C and the allowed deviation is ±2°C. The customer discomfort factor is set at $0.05/°C. All other parameters of the houses are taken from [13] (Table 7 .1). To represent the variety of the houses, the standard error of estimate in [13] (Table 7 .1) is used to generate random errors for the parameters of each residential building. The load profile, energy price and PV model are the same as in [16] . The monthly demand charge is set as 1 $/kW. The annual interest rate is set as 5% and the lifetime of energy storage is set as 15 years. The price of energy storage power capacity is set as 600 $/kW and the price of energy capacity is set as 880 $/kWh. The fixed investment of energy storage is set as 1,000 $. The minimum and maximum power capacities of invested energy storage are set as 10 kW and 500 kW separately. The minimum and maximum energy capacities of invested energy storage are set as 20 kWh and 2,000 kWh separately. The optimization is conducted for the three selected days and the time interval is set to be 15 minutes. All numerical simulations are coded in MATLAB and solved using the MILP solver CPLEX 12.2. With a prespecified duality gap of 0.1%, the running time is about 10 minutes on a 2.66 GHz Windows-based PC with 4 G bytes of RAM.
A. Benefit of Proposed Model
In order to show the benefit of integrating building thermal dynamics, the costs calculated by the proposed optimization and that of autonomous temperature control are compared. In the case of autonomous control, the on/off state of HVAC system can be directly determined by solving equation (1) and performing the logic of temperature controlled relay. Then, the total cost can be calculated by scheduling the same microgrid with predetermined HVAC status. The costs are compared in Table I . First, significant cost savings can be achieved by the proposed optimization considering building thermal dynamics. Second, the optimal invested power and energy capacity considering building thermal dynamics are significantly reduced compared to the case of autonomous control. This is a result of considering the residential building as a thermal storage facility in the proposed model. Third, comparing the cases of with and without investment, the operation cost can be significantly reduced by energy storage investment. Still, the total cost reduction is limited as a result of the high assumed energy storage cost.
B. Sensitivity Analysis
To investigate the effects of prices of energy and power capacity of energy storage on the optimal size of invested energy storage, the optimal energy capacity and power capacity of invested energy storage under difference prices are shown in Fig. 2 and 3 , respectively. As can be seen, both optimal energy and power capacity are sensitive to prices. With decreasing prices of energy storage, both optimal energy and power capacity invested increase.
V. CONCLUSIONS
In this paper, a MILP-based optimization model for the optimal sizing of energy storage in community microgrids is proposed. The model directly integrates the detailed thermal dynamic characteristics of buildings into the optimization scheme and enables smart scheduling of HVAC systems. The proposed model is validated by the numerical simulation 
